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Abstract: 9 
Monoculture plantation woodlands are particularly vulnerable to disturbance events as species uniformity makes such 10 
stands highly susceptible to pests and diseases. Red band needle blight (caused by the fungus Dothistroma septosporum) 11 
is a disease which has a particularly significant economic impact on pine plantation forests worldwide, affecting diameter 12 
and height growth. However, monitoring its spread and intensity is complicated by the fact that the diseased trees are 13 
often only visible from aircraft in the advanced stages of the epidemic. Remote sensing could potentially aid in the 14 
detection of infected stands and in monitoring disease development and spread. Thermography is one of the techniques 15 
that can be used for monitoring changes in the physiological state of plants following infection.  However, the use of 16 
thermography in forestry has so far been restricted by poor spatial resolution (satellite-based sensors) or high data 17 
acquirement costs (airborne sensors). This paper investigates the use of Unmanned Aerial Vehicle (UAV)-borne thermal 18 
systems for detecting disease-induced canopy temperature increase and explores the influence of the imaging time and 19 
weather conditions on the detected relationship. Furthermore, the potential of a number of airborne LiDAR-derived 20 
structural metrics for detection of changes in the canopy structure following the infection are investigated. The study was 21 
located in a diseased Scots pine (Pinus sylvestris) stand in Queen Elizabeth II Forest Park (central Scotland, UK), where 22 
60 sample trees were surveyed. The thermal imagery was acquired at six different times of a day from an altitude of 60 23 
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m. Statistically significant correlation between canopy temperature depression (CTD) and disease levels was found for 1 
most of the flights (R2 between 0.27 and 0.41), which may be related to the needle damage symptoms caused by the 2 
disease, i.e. loss of cellular integrity, necrosis and eventual desiccation. Furthermore, the standard deviation of the crown 3 
temperature exhibited weak but statistically significant correlation (R2 between 0.11 and 0.13). The combination of CTD 4 
and standard deviation of crown temperature in a partial least squares regression (PLSR) further improved the observed 5 
relationship with the estimated disease level. Inclusion of LiDAR structural metrics was also investigated but only 6 
provided a slight improvement. A change in environmental conditions altered the magnitude of differences between 7 
canopy temperatures; no significant correlation with disease level was found in the morning flight, whilst the strongest 8 
relationship was obtained at the time of highest solar radiation, which coincides with the time of maximum photosynthetic 9 
activity. 10 
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1. Introduction 13 
Forest environments are currently threatened by a number of factors, such as deforestation, drought, invasive species, 14 
pests and pathogens, air pollution, wildfire, climate change or unsustainable management (EEA, 2017; FAO, 2016). As 15 
healthy trees are more stable and resilient to such hazards, conservation of forests is imperative. Monoculture plantation 16 
woodlands, such as those commonly grown in the United Kingdom (UK), are particularly vulnerable to disturbance 17 
events. Species uniformity combined with climate change and management make such stands highly susceptible to the 18 
native pests and diseases present in the natural forests and increases their vulnerability to introduced pests and diseases 19 
(Wingfield et al., 2015). Furthermore, climate change indirectly affects the distribution and abundance of forest insect 20 
pests and pathogens, as well as the severity of tree diseases (Fig. 1). Within the UK, milder conditions will particularly 21 
benefit pathogens, such as Dothistroma septosporum, which thanks to temperatures closer to their optimum for growth 22 
and reproduction, will lengthen their periods of activity (Broadmeadow and Ray, 2005; Ray et al., 2010; Ray et al., 2008). 23 
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Fig. 1. Likely climate change effects on forest insect pest and pathogen abundance in the UK (Broadmeadow and Ray, 2 
2005; Ray et al., 2010; Ray et al., 2008). 3 
Dothistroma septosporum is a fungus that causes red band needle blight, which has a worldwide distribution and affects 4 
over 80 pine species in both natural and exotic forest locations. Historically, outbreaks have been sporadic, as red band 5 
needle blight had a small effect on hosts growing in their natural climatic range. However, in recent years there has been 6 
an upsurge in its severity (Bulman et al., 2013); in parts of British Columbia it has led to extensive defoliation and even 7 
death of mature native lodgepole pine (Pinus contorta) trees (Woods et al., 2005). Red band needle blight first appeared 8 
in the UK in 1950s, but only started spreading significantly in late 1990s, causing serious damage to pine crops (Forestry 9 
Commission, 2012). The rate of spread in the UK is particularly worrying as its preferred host species constitute 11.5% 10 
of the total forest cover (Forestry Commission, 2016). Red band needle blight has a particularly significant economic 11 
impact on plantation forests; the costs of control and losses from reduced growth caused by red band needle blight in 12 
New Zealand are estimated to be $19.8 million per year (Watt et al., 2001). Due to the severity of the disease, planting 13 
of Monterey pine (Pinus radiata) was abandoned in East Africa (Gibson, 1974), Zimbabwe (Barnes, 1970), India (Bakshi 14 
and Singh, 1968), Vancouver Island (Canada) (Parker and Collis, 1966) and northern California (USA) (Cobb et al., 15 
1969), whilst in New Zealand both ponderosa and Corsican pines (Pinus ponderosa and Pinus nigra) were found to be 16 
4 
 
highly susceptible and are also no longer grown commercially (Gibson, 1974). Red band needle blight is characterised 1 
by small chlorotic lesions on needles, which (if conditions are appropriate for the fungus) enlarge and turn reddish or 2 
brown-reddish. The tissue distal to the lesion desiccates, progressively turning pale green to tan or brown. The complex 3 
series of damage symptoms, which occur as the disease progresses involves: initial chlorosis, production of red and 4 
brown metabolites, rapid loss of cellular integrity, cellular necrosis and eventual desiccation (Stone et al., 2003). Infection 5 
usually starts in the lower parts of the crown on older foliage and spreads upward (Macdonald, 2011). 6 
In the UK, new infections by pests and diseases in woodlands and the wider environment are identified mainly through 7 
aerial visual surveillance. The infections are confirmed through ground level surveys of suspect sites (DEFRA and 8 
Forestry Commission, 2014). However, in the case of red band needle blight, the infection is often only visible from the 9 
aircraft in the advanced stages of the epidemic. Monitoring can also be performed through field surveys, which is the 10 
most accurate approach allowing for identification of early infection. However, field surveys are labour-intensive and 11 
time-consuming, and thus normally restricted to a limited number of plots. Remote sensing could serve as a more robust 12 
method to map the extent and severity of the disease. Such information on the spatial distribution and intensity of 13 
infection would allow for effective planning and implementation of appropriate countermeasures by forest managers. In 14 
the case of red band needle blight, those could include stand manipulations or application of copper-based fungicides.  15 
Detection of diseased plants is usually performed with the use of passive optical remote sensing, which is sensitive to 16 
changing chemical composition of foliage. As stress levels increase, infected areas can experience the breakdown of 17 
pigments, disassembly of the photosynthetic apparatus and cell wall collapse, eventually causing necrosis (Blackburn, 18 
1998; Moshou et al., 2012). However, detection and mapping of subtle changes in forest condition, such as foliage 19 
discolouration and defoliation, have proven difficult (Kelly and Liu, 2004; Radeloff et al., 1999; Royle and Lathrop, 20 
1997). Whilst diseased and healthy trees were shown to be distinguishable when using optical sensors (Michez et al., 21 
2016; Pu et al., 2008), assessment of disease severity remains problematic (Coops et al., 2003; Leckie et al., 2004; Pena 22 
and Altmann, 2009). A number of studies have attempted detection of disease stages with varying results. Pena and 23 
Altmann (2009) explored the suitability of vegetation indices for identifying stress symptoms induced by the invasion of 24 
cypress aphid, and found moderate correlations with anthocyanin reflectance indices and the photochemical reflectance 25 
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index. Kelly and Liu (2004) attempted detection of trees affected by sudden oak death (SOD) in the pre-visual stage 1 
using multispectral imagery but a significant overlap in spectral signatures of infected and healthy trees prevented 2 
accurate classification. Leckie et al. (2004) tried to detect various levels of laminated root rot infection with airborne 3 
multispectral imagery, but experienced significant confusion between the healthy, lightly and moderately damaged 4 
classes. They also found a considerable amount of trees stressed by other factors misclassified as diseased. More 5 
commonly the effects of disturbance events, such as insect or disease outbreaks, are characterised through the 6 
examination of a temporal sequence of images, allowing quantification of reflectance changes. The main advantage is 7 
that a record of spectral reflectance change can be extracted to characterise both the magnitude and direction of 8 
physiological processes or disturbance events (Hostert et al., 2003). While studies examining temporal sequences of 9 
imagery have shown potential for detecting forest disturbances, their main limitation for forest health monitoring is the 10 
risk of large or frequent gaps in the image sequence. This risk is particularly high for countries like the UK, where the 11 
cloud cover is prevalent throughout the year. Using individual imaging technologies could lead to confusion between 12 
stressed and diseased forest stands, such as in Leckie et al. (2004). This is due to the fact that there are many abiotic 13 
(temperature, water, gases, minerals) and biotic (induced by micro-organisms, animals, plants, anthropogenic factors) 14 
stresses that affect plant functioning (Chaerle et al., 2009). Any individual stress can disturb a wide range of different 15 
processes, which have the potential of being separately identified with remote sensing technology. Similarly, any given 16 
symptom can also arise from a wide range of alternative stresses. Combining information from a range of sensors, 17 
detecting different physiological responses, could potentially enhance the ability to diagnose and quantify the infection. 18 
Nevertheless, current trends in research for detection of infections, almost exclusively involves the use of a single 19 
imaging sensor, i.e. multispectral or hyperspectral imagery. Apart from changes in spectral response, defoliation is 20 
another key symptom of most stress factors and damage agents, including red band needle blight. Structural parameters, 21 
such as those retrieved from LiDAR data, could therefore provide vital information for monitoring forest health. LiDAR 22 
sensors directly measure the 3D distribution of vegetation, providing highly accurate measures of canopy structure. 23 
LiDAR metrics have been used to inspect forest damage caused by such agents as mountain pine beetle (Coops et al., 24 
2009), pine sawfly (Kantola et al., 2013; Solberg et al., 2006) and moose (Melin et al., 2016). Furthermore, Shendryk et 25 
al. (2016) using full-waveform LiDAR were able to successfully classify tree health in terms of crown dieback in a 26 
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eucalypt forest, showing a potential for using LiDAR to assess long-term loss of foliage. As one of red band needle 1 
blight’s symptoms is defoliation, structural LiDAR metrics could potentially identify differences in the amount of lost 2 
foliage. Remote sensing could potentially aid in the early detection of infected stands and in monitoring disease 3 
development and spread. 4 
Another common disease symptom is water shortage. Most foliar, stem and root diseases alter the water relations of 5 
plants causing water deficit, which results from accelerated water loss (various foliar diseases), disruptions of 6 
transpiration (vascular wilt diseases) or damage to the root system (soil-borne diseases) (Burdon, 1987). Plants under 7 
water stress tend to transpire less due to stomatal closure, leading to an increase in leaf and canopy temperature and 8 
reduction in photosynthetic activity (Jones, 1999). Therefore, leaf temperature can be an indicator of water 9 
availability and consequently of the underlying stress. An increase in leaf and canopy temperature as a response to 10 
plant water stress was observed in many previous studies performed on agricultural crops (Alderfasi and Nielsen, 2001; 11 
Erdem et al., 2010; Taghvaeian et al., 2014), orchard trees (Ballester et al., 2013; Berni et al., 2009; Gonzalez-Dugo et 12 
al., 2012) and forest tree species (Grant et al., 2010; Scherrer et al., 2011; Seidel et al., 2016; Smigaj et al., 2017). At a 13 
canopy level, the plant temperature is affected in a complex manner by environmental factors such as air temperature, 14 
humidity and wind speed, posing a problem for the use of thermal sensing. Direct or indirect information about these 15 
factors is required for the estimation of stomatal conductance or water content (Jones, 1999; Leinonen et al., 2006). 16 
Alternatively, thermal “stress indices” can be used; these aim to normalise the results for environmental variation. 17 
Among the most commonly used are canopy temperature depression (CTD), which normalises canopy temperature 18 
with reference to air temperature, and crop water stress index (CWSI), which introduces a non-water stressed baseline 19 
and a non-transpiring upper baseline. These have been widely and successfully applied to agricultural crops 20 
(Alderfasi and Nielsen, 2001; Erdem et al., 2010) and to a limited degree to orchard trees (Berni et al., 2009; 21 
Gonzalez-Dugo et al., 2012). In forestry, thermography has so far been used to analyse drought tolerance in a mixed 22 
forest stand (Scherrer et al., 2011). On a larger scale, MODIS land surface temperature was used with monthly water 23 
balance to derive a forest vulnerability index (Mildrexler et al., 2016). However, there has been no detailed 24 
investigation of the use of thermal imagery for disease or infestation detection other than studies by Hais and Kučera 25 
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(2008) and Smigaj et al. (2015). Smigaj et al. (2015) in a preliminary study found a weak correlation between estimated 1 
red band needle blight disease level and an increase in canopy temperature, whilst Hais and Kučera (2008) observed an 2 
increase in satellite-derived surface temperature of a decayed spruce forest following a bark beetle (Ips typographus) 3 
infestation. 4 
The applications of thermography in forestry have so far been limited due to restricted medium-resolution satellite 5 
sensors, providing pixel resolutions of 90-120 m, being only suitable for regional scales. Airborne thermography provides 6 
spatial resolutions that allow the detection of isolated tree crowns, but the surveys are normally expensive and logistically 7 
complex. Using an Unmanned Aerial Vehicle (UAV) equipped with a thermal camera is a new alternative, offering very 8 
high resolution (sub-metre) imagery at a fraction of the cost, which could significantly aid in provision of the required 9 
data. UAV technology is now mainstream and affordable, although the limited payload restricting the size of sensors still 10 
remains an issue. Typically, uncooled thermal imagers are used, which are substantially smaller and less expensive than 11 
cooled sensors. However, due to a lack of a cooling system, they are less sensitive and have a low signal to noise ratio 12 
and slower response times. Nevertheless, miniature uncooled thermal cameras are capable of monitoring both the spatial 13 
and temporal variation of canopy temperature (Smigaj et al., 2017). UAVs with uncooled thermal cameras were 14 
successfully used to monitor water stress in orchards (Berni et al., 2009; Gonzalez-Dugo et al., 2012) and to identify 15 
olive trees affected by Verticilium wilt (Calderón et al., 2013), but have not been fully tested in forest environments yet. 16 
This paper presents the continuation of the work undertaken by Smigaj et al. (2015), investigating the use of UAV-borne 17 
thermal imagery for detecting disease-induced canopy temperature increase and exploring the influence of the imaging 18 
time and weather conditions on the detected relationship. Furthermore, the potential of a number of LiDAR-derived 19 
structural metrics for detection of changes in the canopy structure following the infection are investigated. 20 
2. Methods 21 
2.1. Study area 22 
The study was located in central Scotland in Queen Elizabeth II Forest Park, which lies within the Loch Lomond and the 23 
Trossachs National Park (56°11’46” N, 4°23’38” W). The park is managed by the Forestry Commission and consists of 24 
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over 200 km2 of commercial plantation forest and semi-natural woodland. Within the park, Scots pine (Pinus sylvestris) 1 
and Lodgepole pine (Pinus contorta) stands are infected with red band needle blight and exhibit various stages of 2 
physiological stress. The research plot (40 m x 30 m) was established in a diseased Scots pine stand, which was planted 3 
in 2003 (average recorded tree height: 4.9 m, average distance from the nearest neighbour: 1.5 m). Within this plot, 60 4 
trees were selected and their positions recorded by means of land surveying (Fig. 2). 5 
 6 
Fig. 2. The study area was based in Queen Elizabeth II Forest Park (within the Loch Lomond and the Trossachs National 7 
Park, Scotland, UK). Positions of the surveyed trees are marked as yellow crosses on a UAV-borne RGB orthomosaic. 8 
2.2. UAV-borne data acquisition 9 
The UAV used for this research was a Phantom 2 Vision+ Quadcopter (DJI, Shenzhen, China), which is a lightweight 10 
(1160 g) aircraft with an integrated wide-lens camera (resolution of 14 Megapixels) and recommended maximum payload 11 
of 1350 g. Specifically for this survey, the quadcopter was modified in-house to carry a miniature longwave infrared 12 
camera, the Optris® PI-450 (Optris GmbH, Berlin, Germany). This modification increased the take-off weight of the 13 
UAV by 600 g (to a total of 1760 g) and consequently limited the flight time to 6 minutes, allowing data collection in a 14 
safe manner only from a very limited area. Optris® PI-450 is a weight-optimised camera, which utilises uncooled 15 
microbolometers arranged into a Focal Plane Array with optical resolution of 382 × 288 pixels and field of view of 38° 16 
x 29°. The sensor operates in a spectral range of 7.5–13 µm and a temperature range of 20–900 °C (thermal sensitivity: 17 
40 mK, accuracy: ±2 °C or ±2%, whichever is larger) and was calibrated against a thermally controlled flat plate 18 
blackbody radiation source prior to data acquisition (Smigaj et al., 2017). The camera’s internal mechanical calibration 19 
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device was set to flag in front of the detector every 12 s to correct for the thermal drift and non-uniformity caused by the 1 
drift. The camera is operated through a miniaturised lightweight PC (with a Windows XP Professional operating system). 2 
On the 18th August 2015, the modified aircraft was used to perform multiple thermal data acquisitions. The intent was to 3 
determine whether the sensitivity of thermography in detecting different disease levels might be affected by the outside 4 
conditions, such as radiation levels. Therefore, to examine the influence of timing and atmospheric conditions on the 5 
signal, the flights took place at different times of the day, as well as in slightly different weather conditions. In total six 6 
flights were performed at 10:15, 11:10, 12:10, 13:15, 15:10 and 16:50 (GMT) at an altitude of 60 m. During the flights, 7 
the cloud conditions were monitored; other weather measurements, i.e. the temperature, wind speed, atmospheric 8 
pressure and humidity, were retrieved from the nearest weather station in Port of Menteith (reference: IUNITEDK106). 9 
2.3. Ground measurements 10 
The red band needle blight infection level was assessed on the 19th August 2015 by estimating the proportion of infected 11 
to uninfected tree crown, expressed as a percentage of total live crown length. For this purpose, the height of the base 12 
and top of the assessable crown, as well as top height the disease had reached were measured using a hypsometer (Fig. 13 
3). These measurements were used for calculation of the infection level and uncompacted live crown ratio, which is 14 
defined as the tree’s length with live foliage, relative to the tree height. Bare branches caused by needle loss, as well as 15 
sprigs or leaves on the main stem below the lowest twig were excluded from the estimation. Within the plot, the disease 16 
level ranged from 25 to 80% (average of 59%), whilst the uncompacted live crown ratio ranged from 77 to 100% (average 17 
of 89%). 18 
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 1 
Fig. 3. Diagram showing the procedure for quantification of red band needle blight infection levels. Corresponding 2 
heights were measured using a vertex hypsometer. 3 
During the flights, cloud conditions were monitored; other weather measurements, i.e. the temperature, wind speed, 4 
atmospheric pressure and humidity, were retrieved from the nearest weather station in Port of Menteith (reference: 5 
IUNITEDK106). The temperature throughout the day was slowly rising from 17.5°C at 10 am, peaked after 3 pm 6 
(23.4°C), and then slowly declined to 19.3°C at 5 pm. The wind followed a similar pattern – lowest values were recorded 7 
in the morning, then the speed peaked at 12 pm (for gusts) and 1 pm (for average speed), followed by a decline. A further 8 
increase in wind speed was recorded towards the evening. Humidity in the morning was 57%, then declined to 40% at 9 
12 pm, remaining at similar level until 3 pm, and then rose again to 61% at 5 pm. Very little change occurred in 10 
atmospheric pressure levels (between 1013.1 and 1017.2 hPa). The sunshine conditions throughout the day varied greatly 11 
(Fig. 4). The morning (10 am, during flight 1) was hazy, with a thin but uniform layer of clouds (cirrostratus). Throughout 12 
the day, the clouds were quickly thinning, bringing bright sunshine in between moving cloud cover (cirrus types) for the 13 
3rd and 4th flight. Before 3 pm the high-altitude clouds thickened, and greater amounts of lower altitude clouds formed. 14 
As an indicator of evaporative demand during each flight, vapour pressure deficit (VPD) was calculated using average 15 
11 
 
canopy temperature extracted from the collected UAV-borne thermal imagery and ground-based temperature and relative 1 
humidity measurements. 2 
 3 
Fig. 4. Cloud conditions throughout the survey. 4 
2.4. UAV-borne data processing 5 
In order to extract average canopy temperature for each surveyed tree, the acquired thermal images were first 6 
radiometrically corrected using parameters derived by Smigaj et al. (2017) and adjusted for an emissivity value of 0.98, 7 
which is a whole plant emissivity value reported by Jones (2004). Following this, creation of an orthomosaic from the 8 
thermal imagery (using a Structure from Motion approach) was attempted but proved infeasible. The poor optical 9 
resolution of the camera in combination with lack of GPS camera positions and insufficient contrasting features within 10 
the environment inhibited detection of a large enough number of tie points for creation of an accurate surface. Thus, from 11 
each flight, a single photograph with nadir viewing angle, containing all the survey trees was chosen and used for further 12 
processing. Geometric correction of the UAV-borne datasets was instead achieved by registration to the canopy height 13 
model derived from LiDAR data. A local maximum filter was developed to identify treetops within the canopy height 14 
model and aid a manual “tree to tree” registration of thermal imagery. The average output pixel size of the acquired 15 
thermal imagery was 0.15 m. 16 
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Following registration, tree canopies of the surveyed trees were manually delineated based on visual interpretation of 1 
thermal images (Fig. 5); a LiDAR-derived canopy height model and a UAV-borne RGB orthomosaic also provided a 2 
visual reference to aid with delineation. The areas that could have been directly influenced by the understorey vegetation, 3 
i.e. canopy edges, were excluded by using a buffer of at least two pixels. The delineated polygons were used to extract 4 
average temperature and the standard deviations for each canopy. CTD, normalising canopy temperature with reference 5 
to air temperature, was calculated for each tree as Tcanopy – Tair (Idso et al., 1981). Air temperature readings at the time of 6 
flights acquired by the weather station were used for Tair, whilst for Tcanopy the average canopy temperature was used.  7 
Although no ground measurements of canopy temperature were available for comparison, it is expected that if any offset 8 
in temperature readings was present it would affect all pixels within a single imagery to the same degree and would be 9 
similar between flights based on Smigaj et al. (2016) and Smigaj et al. (2017). As this study only explored temperature 10 
differences between tree canopies within individual images, it would not affect results of the final analysis.  11 
 12 
Fig. 5. Delineated tree crowns overlaid on thermal imagery taken during flight 1 at 10:15 (left) and on LiDAR-derived 13 
canopy height model (right). 14 
2.5. LiDAR data acquisition and processing 15 
Airborne discrete LiDAR data were collected using ALS50 Airborne Laser Scanner (Leica Geosystems, St. Gallen, 16 
Switzerland) on the 7th of August 2014 from an altitude of 1280 m. First, second, third and last returns and intensity 17 
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were recorded at 8.4 points per m2. Pre-processing of the LiDAR point clouds was performed in the FUSION software, 1 
developed by the U.S. Department of Agriculture (USDA) Forest Service (McGaughey, 2016). A Digital Elevation 2 
Model (DEM) of the plot was generated using ground points with a spatial resolution of 2 m. The ground returns were 3 
extracted from the point cloud using a filtering algorithm based on Kraus and Pfeifer (1998), with 40 iterations and a 4 
tolerance of 0.05 m. The final surface was then filtered to remove spikes (>45°) related to residual returns from vegetation. 5 
Using the DEM, a canopy height model (CHM) with a spatial resolution of 0.5 m was generated, assigning the elevation 6 
of the highest return within each grid cell. Any gaps in data were filled using a 3x3-window mean. Furthermore, the 7 
LiDAR dataset was used to calculate multiple structural metrics: height percentiles (p5, p25, p50, p75 and p90) 8 
normalised to canopy extents, skewness, kurtosis, standard deviation, coefficient of variation (CV), as well as maximum, 9 
mean and median heights. The manually delineated tree crowns created for canopy temperature extraction were used to 10 
extract LiDAR points for each of the trees. These points, excluding those below a cut-off height of 0.3 m (understorey 11 
vegetation), were used to calculate the canopy metrics. 12 
2.6. Statistical analysis 13 
For each tree, the relationship of the extracted canopy temperature standard deviations and CTD with the estimated 14 
disease levels, as well as uncompacted live crown ratio, were examined through scatter plots and coefficients of 15 
determination for all imaging times. LiDAR metrics were also investigated based on the assumption that they could 16 
potentially identify differences in the amount of lost foliage due to red band needle blight defoliation. Partial least squares 17 
regression (PLSR) was performed on all extracted LiDAR and canopy temperature metrics to investigate whether 18 
inclusion of structural measures could improve the observed relationships with tree disease levels. The analysis was 19 
performed in R using the “pls” package (Mevik and Wehrens, 2007). PLSR is a dimension reduction technique, whose 20 
main advantage is that it was designed for situations when there are many, possibly correlated, predictor variables, and 21 
relatively few samples. PLSR was shown to be robust with regard to several data inadequacies (such as skewness or 22 
multicollinearity of the indicators) (Cassel et al., 1999). A leave-one-out cross-validation (LOOCV) strategy was used 23 
to select the number of principal components and to prevent over-fitting. To evaluate the model’s performance, the 24 
coefficient of determination (R2) and root mean squared error of prediction (RMSEP) were used. Finally, the temporal 25 
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trend in the achieved correlation coefficients for the estimated disease level was investigated in relation to the measured 1 
weather conditions to determine whether imaging time could have had an influence on the recorded differences between 2 
trees. 3 
3. Results 4 
3.1. Canopy temperature and disease progress 5 
The extracted CTD and the canopy temperature standard deviations were compared against the estimated disease levels. 6 
The coefficients of determination acquired varied considerably between the flights. In the first flight (10:15), no 7 
significant relationship was found between the CTD and the disease level (Fig. 6). However, in the case of the other 8 
flights there was a significant correlation ranging from R2 of 0.27 to 0.41, with best correlation  achieved with the imagery 9 
taken during the third (12:10) and fourth flight (13:15). Only weak relationships, ranging from R2 of 0.11 to 0.13 on 10 
flights 2 to 5, were found between the standard deviations of the canopy temperature and the estimated disease levels. 11 
Similarly, the best correlation was achieved during the third and fourth flight. 12 
 13 
Fig. 6. Scatterplots presenting the CTD values against the estimated disease levels at different flight times. 14 
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The temperature measurements from the morning flights appeared to be clustered, with a difference between the 1 
maximum and minimum CTD value of only 1.13 and 0.90°C (standard deviation σ = 0.25 and 0.22). With time, the tree 2 
canopies warmed up and the temperature measurements spread out. The lowest CTD values, and also the highest ranges, 3 
were recorded at 13:15, with a range of 3.38°C (σ = 0.84). The canopy temperatures during later flights were considerably 4 
lower, and the difference between the maximum and minimum CTD values equated to 2.32 and 1.94°C (σ = 0.53 and 5 
0.45) respectively. Similar values were also recorded at 12:10: range of 1.78°C (σ = 0.44). Higher ranges did not 6 
necessarily yield higher correlations. Between CTD and the uncompacted live crown ratio no statistically significant 7 
relationships were found. 8 
3.2. Inclusion of structural metrics 9 
The cross-validation results of PLSR performed on the extracted LiDAR and canopy temperature metrics suggested the 10 
use of four (flights 2-5) and three (flight 6) components, based on minimisation of the RMSEP. Using the identified 11 
optimum component numbers, the PLSR models were designed for each of the flights. The retrieved normalised 12 
regression coefficients for the models are presented in Fig. 7. 13 
 14 
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 1 
Fig. 7. Regression coefficients obtained for partial least squares regression. The coefficients were normalised so their 2 
absolute sum equals 100. 3 
The variable with highest effect on the models, which estimated the disease level was the CTD, followed in almost all 4 
cases by the standard deviation of canopy temperature. Other variables, which were repeatedly highlighted were kurtosis, 5 
p5, p75 and p95. Kurtosis is a statistical term indicating the extent of peakedness/flatness of a distribution curve. 6 
Consequently, kurtosis of point cloud density distribution is a metric describing the vertical stratification of vegetation 7 
canopy; lower values characterised by flatter curves would indicate that the vegetation is dispersed more broadly across 8 
a wider vertical range. Two scenarios for final PLSR models were considered: 1) regression based only on temperature 9 
measures and 2) regression including kurtosis, p5, p75 and p95. The summary of performance of the regressions is 10 
presented in Table 1. The inclusion of standard deviation of canopy temperature in regression (PLSR1), in most cases, 11 
improved the observed relationships by +1.09% (flight 3) to +3.88% (flight 2); a minimal decrease of -0.03% was 12 
reported for flight 6. Incorporation of LiDAR metrics (PLSR2) provided further slight improvement between +0.9% 13 
(flight 3) and +3.49% (flight 2). However, a worsening of the RMSEP values was observed for PLSR2, suggesting an 14 
increase in differences between values predicted by the regression model and the observed values (by 0.44-0.95%). 15 
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Table 1. Results of regression against the estimated disease levels. Three approaches were tested: 1) linear regression of 1 
CTD, 2) partial least squares regression of CTD and standard deviation of canopy temperature (PLSR1), and 3) partial 2 
least squares regression of CTD, standard deviation of canopy temperature and selected LiDAR metrics - kurtosis, p5, 3 
p75 and p95 (PLSR2). 4 
Flight Regression 
No of 
comp 
RMSEP 
Adjusted 
R2 
1 CTD n/a n/a 5.66 
2 
CTD n/a n/a 27.35 
PLSR1 1 12.04 31.23 
PLSR2 3 12.48 34.72 
3 
CTD n/a n/a 39.94 
PLSR1 2 11.21 41.03 
PLSR2 2 11.65 41.93 
4 
CTD n/a n/a 41.34 
PLSR1 2 10.98 44.26 
PLSR2 3 11.93 46.57 
5 
CTD n/a n/a 30.47 
PLSR1 2 12.01 32.62 
PLSR2 3 12.58 35.15 
6 
CTD n/a n/a 28.73 
PLSR1 2 12.40 28.70 
PLSR2 2 12.92 30.01 
 5 
3.3. Influence of imaging time 6 
Fig. 8 shows progression in terms of the achieved adjusted coefficient of determination of the model that estimated the 7 
disease level over time. There was no significant correlation in the early morning, which was followed by a steep rise, 8 
plateauing around 12 – 1 pm, then a small decrease towards the late afternoon. The strongest regression was observed 9 
around the time of the solar noon (i.e. 1 pm), when the stomata are expected to be most active (Jones, 1992). In the early 10 
morning imagery, due to a uniform layer of clouds, the photosynthesis was expected to be limited, making the separation 11 
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of trees impossible. As the clouds started thinning and light intensity increased, the rate of the light-dependent reaction, 1 
and therefore photosynthesis, increased. The highest correlations with disease levels were achieved for times when the 2 
intermittent sunshine was present (12 and 1 pm). The range of observed CTD values seemed to follow the pattern of the 3 
VPD and was greatest at 1 pm, a time when stomata would normally be most active. Around this time, the VPD, the air 4 
temperature and the average wind speed were peaking, likely contributing to the result. With reappearance of clouds in 5 
the afternoon, the tree canopies started cooling and the temperature differences between the trees decreased, resulting in 6 
lower coefficient of determination, which coincided with a decrease of the wind speed. 7 
 8 
Fig. 8. Coefficient of determination achieved by PLSR1, alongside the range of retrieved CTD values, calculated as the 9 
difference between maximum and minimum value (top), VPD weather conditions (middle and bottom) at different flight 10 
times. 11 
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4. Discussion 1 
Increased tree crown temperature was observed in the investigated pines with increasing red band needle blight severity. 2 
Statistically significant positive correlations were found for most data acquisitions (R2 in the range of 0.27 to 0.41). This 3 
temperature increase can be related to the needle damage symptoms caused by red band needle blight, i.e. loss of cellular 4 
integrity, necrosis and eventual desiccation. Leaf-level studies of diseased foliage reported an increase in temperature, 5 
coinciding with the appearance of chlorotic and necrotic tissues (Chaerle et al., 1999; Lindenthal et al., 2005). At a larger 6 
scale, elevated surface temperatures were detected in spruce forest decayed under bark beetle (Hais and Kučera, 2008) 7 
and in olive tree crowns affected by Verticillium wilt (Calderón et al., 2013). 8 
The variations in canopy temperature are highly dependent on environmental factors. In a ponderosa pine forest, the 9 
thermal dynamics were shown to be mainly controlled by air temperature, water vapour and radiation (Kim et al., 2016). 10 
In theory, the weather conditions favouring increased transpiration rates should accentuate the differences between the 11 
trees, as stomata of the stressed plants would be closed to prevent the loss of water, which in turn should lead to an 12 
increase in leaf and canopy temperature. Evapotranspiration is influenced by incoming solar radiation and aerodynamic 13 
effects dependent on wind, humidity and temperature. The relative humidity of the air surrounding the plant has a direct 14 
influence on transpiration of plants, based on the difference between leaf and air vapour pressure. Decreasing relative 15 
humidity would therefore accelerate a plant’s rate of transpiration (under normal circumstances) (Spellman, 2014). In 16 
the case of wind, with increasing speed an increase in transpiration is normally observed. This is due to the increased 17 
movement of the air being related to relative humidity of the air surrounding the leaf; with wind present, the more 18 
saturated air close to the leaf would be replaced by drier air (Spellman, 2014). The influence of weather conditions is 19 
partially reflected in this study, as the differences between differently diseased trees were most accentuated in the early 20 
afternoon (CTD R2 of 0.41 and values range of 3.38°C), when the intermittent sunshine was present (i.e. the radiation 21 
levels were highest) and the air temperature was reaching its peak, which is also the time when the maximum evaporative 22 
demand is normally expected to occur (Phillips et al., 1997); this was confirmed by a peak in the VPD value. Similarly, 23 
in a greenhouse setting, the increase in canopy temperature was observed to be dictated by the increased radiation levels 24 
and ambient temperature (Smigaj et al., 2017). Around the time of the highest recorded correlation, the wind speed was 25 
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highest, likely contributing to the result by increasing the transpiration rate. However, its influence could not be 1 
decoupled from that of other weather components, and thus quantified here. This experiment suggests thermal imagery 2 
should be acquired at the time of the maximum evaporative demand to maximise the temperature difference between 3 
tree canopies. However, further work would be required to test the replicability of this observation. 4 
Inclusion of standard deviation of canopy temperature in a partial least squares regression improved the observed 5 
relationships with the estimated disease level in most of the cases increasing by up to +3.88%. The standard deviation of 6 
the crown temperature was suggested by Fuchs (1990) and Gonzalez-Dugo et al. (2012) to be an indicator of stress. 7 
Fuchs (1990) demonstrated that water stress, apart from increasing crown temperature, widens the range of temperature 8 
variation within the canopy; in more stressed canopies greater variation in temperatures may be detected due to the 9 
change in leaf angle resulting from wilting.  An increase in canopy temperature variability was observed in Almond trees 10 
in the early stages of water stress and was then followed by diminishment when the stress became more severe (Gonzalez-11 
Dugo et al., 2012). In grapevines, the intra-crown variations in temperature were not impacted by water status, which 12 
was supposedly due to the non-random distribution of leaf angles in the canopies (Grant et al., 2007; Moller et al., 2007). 13 
In this survey, the standard deviation of the crown temperature exhibited weak, but statistically significant correlation (R 14 
= 0.33-0.36) with the estimated disease levels for four of the data acquisitions. This could potentially be caused by the 15 
effect of diseased foliage on the canopy’s temperature heterogeneity. At leaf level, the development of visual infection 16 
symptoms is generally accompanied by a change in surface temperature. Diseases causing an increased water loss due 17 
to processes such as cuticle damage or changes in underlying leaf cell membrane permeability, have been found to lead 18 
to temperature decrease in the affected parts, whilst temperature increase was reported for diseases causing stomatal 19 
closure as a result of decreased xylem water flow or the release of certain closure-inducing chemicals (Berdugo et al., 20 
2014; Chaerle et al., 2004; Chaerle et al., 1999; Chaerle and Van Der Straeten, 2000; Lindenthal et al., 2005; Prashar and 21 
Jones, 2014). For instance, localised hot spots at the sites of infection, which resulted in increased heterogeneity of the 22 
temperature distribution, were reported on leaves affected by such diseases as powdery mildew (Berdugo et al., 2014), 23 
downy mildew (Lindenthal et al., 2005) and tobacco mosaic virus (Chaerle et al., 2004). 24 
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A key limitation of this study is lack of healthy trees within the plantation plot. Since all of the trees are to some degree 1 
stressed, they do not photosynthesise to their full potential and the functioning of their stomata is hampered. Inclusion of 2 
healthy trees in a survey, such as this one, could therefore provide a better baseline for comparison. The use of the 3 
maximum height the disease has reached to estimate the percentage of the suppressed tree crown does give an indication 4 
of the disease level. However, it is not an ideal metric, as red band needle blight can spread in a non-uniform manner 5 
within a tree crown and with different intensities, thinning the crown. This could be one of the reasons for a wide scatter 6 
of measurements within the dataset. Nevertheless, this study shows that there is an identifiable difference in thermal 7 
response between the trees with different disease levels, which is most evident at high solar radiation levels.  8 
It was hypothesised that the inclusion of LiDAR structural metrics could improve the observed relationship with the 9 
disease level, potentially allowing the differences in the amount of defoliation to be detected (one of the red band needle 10 
blight’s symptoms). However, only a slight improvement (between +0.9% and +3.49%) was observed when height 11 
percentiles and kurtosis were included in the partial least squares regression. The defoliation within the plot was minimal 12 
(the uncompacted live crown ratio varied between 77 and 100%) and may therefore be undetectable with LiDAR. 13 
Research in more adversely affected pine stands would be required to assess the feasibility of using LIDAR metrics. 14 
Furthermore, a multi-temporal approach could be employed to develop a more comprehensive understanding of changes 15 
in the canopy following the infection. Investigation of multi-temporal LiDAR metrics could provide an indication of the 16 
year-to-year defoliation caused by the disease. For instance, Solberg et al. (2006) mapped the defoliation caused by pine 17 
sawfly, in terms of changing LAI, using a multi-temporal dataset. 18 
In agriculture, thermal stress indices have been successfully used to investigate water stress. Alderfasi and Nielsen (2001) 19 
observed strong correlation (R2 = 0.82) between CTD and vapour pressure deficit in wheat, whilst Berni et al. (2009) 20 
obtained strong correlations between CWSI, modelled for water-deficient and well-irrigated olive trees, and water 21 
potential (R2 = 0.82), as well as the canopy conductance (R2 = 0.91). Relationships between CTD, and stomatal 22 
conductance (R2 = 0.59) and water potential (R2 between 0.65 and 0.82), were also found in different cultivars of almond 23 
trees (Gonzalez-Dugo et al., 2012). However, in this study only a moderate relationship between temperature metrics 24 
and the disease level was observed using thermal metrics (PLSR1, R2 = 0.44), with marginal improvement when LiDAR 25 
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metrics were included (PLSR2, R2 = 0.47).  The poor performance in comparison to agricultural studies could partially 1 
be attributed to the complex forest canopy structure. Both canopy geometric structure as well as vertical foliage surface 2 
temperature distribution affect the canopy temperature (Kimes, 1980). Reflectance measurements obtained with optical 3 
sensors are similarly affected by spatially complex forest architecture, complicating detection of diseased trees. 4 
Even though thermal response of trees could not be used on its own to accurately assess the disease level, as only 44% 5 
of the observed temperature variation was explained by the regression model (PLSR1), it could still serve as an indicator 6 
of stress associated with disease severity. Combining spectral information with thermal response could potentially 7 
enhance the ability to detect and assess disease levels. Such remote sensing fusion for detection of disease level in woody 8 
plants has only recently started to be considered in agriculture. Calderon et al. (2015) used hyperspectral and thermal 9 
imagery to classify five stages of Verticillium Wilt in olive trees and identified canopy temperature depression and 10 
chlorophyll fluorescence as early remote sensing indicators of the disease. Lopez-Lopez et al. (2016) using the same set-11 
up detected almond red leaf blotch at three severity classes (average overall accuracy of 88.5%). Sankaran et al. (2013) 12 
utilised visible-NIR part of the spectrum and thermal imagery for detecting citrus greening disease (Huanglongbing), and 13 
distinguished diseased from healthy trees, reporting overall classification accuracy of 87%. However, to date, the 14 
combination of thermal and multispectral (or hyperspectral) imagery for detection of diseases in forests has not been 15 
explored. Further research would be required to assess whether such integration can improve the ability to detect and 16 
assess the red band needle blight disease levels. Further integration with LiDAR data, which can provide information on 17 
structural changes, could also be explored. Recent developments in LiDAR technologies allowing multispectral sensing 18 
seem particularly promising. These were shown to be capable of estimating the 3D distribution of leaf water content 19 
within the canopy (Elsherif et al., 2018; Junttila et al., 2018), which could prove beneficial for diagnosing and quantifying 20 
the infection. 21 
The main advantage of UAV-borne data is high spatial resolution, giving the ability to perform analysis at an individual 22 
tree level. The very high level of detail of the collected thermal imagery enabled retrieval of canopy temperature at an 23 
individual tree-level, but also allowed for extraction of canopy temperature variation (i.e. standard deviation), which 24 
improved the observed relationship with infection level. UAVs are often praised for being a low-cost and flexible solution 25 
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as the user can optimise the desired timing of data collection, for example to effectively monitor phenological stages, to 1 
avoid cloud cover or for rapid data collection following a wildfire. However, the limited flight endurance means that 2 
UAVs are still unable to cover large spatial extents, making them an effective solution only for small-area inspections. 3 
In this study, a modification of the small aircraft further decreased its endurance to 6 minutes. Furthermore, as methods 4 
for UAV-borne data collection, processing and analysis are still in their infancy, the use of UAVs in forestry remains in 5 
experimental phase for now. Nevertheless, with technological development thanks to which the platforms and their 6 
components are quickly becoming more reliable and powerful, and providing data processing and analysis techniques 7 
can be automated, UAVs can be expected to play a significant role in forest monitoring in the future. 8 
5.  Conclusions 9 
Red band needle blight, caused by fungus Dothistroma septosporum, is a disease which is currently affecting over 80 10 
species of pines worldwide. The disease has a particularly significant economic impact on plantation forests, affecting 11 
diameter and height growth. Monitoring the spread and intensity of red band needle blight is complicated by the fact that 12 
the diseased trees are often only visible from aircraft in the advanced stages of the epidemic, whilst ground-based field 13 
surveys are expensive and labour-intensive. Remote sensing can aid in the detection of affected stands and in monitoring, 14 
both disease development and spread. Thermography is one of the techniques that can be used for monitoring changes 15 
in the physiological state of plants following infection. However, the use of thermography in forestry has so far been 16 
restricted by poor spatial resolution (satellite-based sensors) or high data acquirement costs (airborne sensors). 17 
This study investigated the use of UAV-borne thermal imagery for detecting disease-induced canopy temperature 18 
increase and explored the influence of the imaging time and weather conditions on the detected relationship. Statistically 19 
significant correlation between canopy temperature depression and disease levels was found for most of the flights, which 20 
can be related to the needle damage symptoms caused by the disease, i.e. loss of cellular integrity, necrosis, and eventual 21 
desiccation. Furthermore, the standard deviation of the crown temperature exhibited weak, but significant correlation. 22 
The combination of CTD and standard deviations in a partial least squares regression further improved the observed 23 
relationship with the estimated disease level. Inclusion of LiDAR structural metrics was also investigated, but only 24 
provided a slight improvement. A change in environmental conditions altered the magnitude of differences between 25 
24 
 
canopy temperatures; no significant correlation with disease level was found in the morning flight, whilst the strongest 1 
relationship was obtained at the time of highest solar radiation, indicating thermal imagery should be acquired at the time 2 
of the maximum evaporative demand. Even though thermal response of trees could not be used on its own to accurately 3 
assess the disease level, it could still serve as an indicator of stress associated with disease severity. Combining spectral 4 
information with thermal response could potentially enhance the ability to diagnose and quantify the infection. 5 
The use of thermography in forestry has so far been restricted by the poor spatial resolution (satellite-based sensors) or 6 
the data acquisition costs (airborne sensors). UAV platforms offer an alternative, allowing for collection of very high 7 
resolution imagery at a fraction of the cost. The main advantage of UAV-borne data is the very high level of detail, giving 8 
the ability to perform analysis at an individual tree level, which in this study not only enabled retrieval of canopy 9 
temperature at an individual tree-level, but also allowed for extraction of canopy temperature variation (i.e. standard 10 
deviation), improving the observed relationship with disease severity. Furthermore, UAVs are praised for their flexibility, 11 
allowing the user to optimise the desired timing of data collection. Such capability can be particularly useful for regions, 12 
such as Scotland, characterised by a persistent cloud cover and consequently offering narrow acquisition windows, 13 
limiting the applicability of performing airborne surveys. As such, UAVs could supplement conventional remote sensing 14 
data acquisition, and allow for image collection, even under rapidly changing weather conditions. 15 
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